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Nacrt obsahu

Eurépska tnia
Eurépehy fond regiendineho rozvers

- Uvod
— Komplexné siete v realnom svete

— Vlastnosti komplexnych sieti
« Ako vyzeraju?
* Porovnanie s nahodnym sietami.
— Typickeé ulohy dolovania v grafovych datach
« Detekcia komunit
— Definicia ulohy
* Neexistencia konsenzu na formalizacii ulohy a désledky
* NajrozSirenejSie Specifikacie problému pouzivané v literatire
— Triedy algoritmov na detekciu komunit
* Meranie kvality zhlukovania
— Lokalne metriky kvality komunit
— Modularita
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Sl NAacrt obsahu

* gk

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Meranie kvality zhlukovania
— Moudlarita
* Popis
* Problémy spojené s modularitou

— Benchmarky pre detekciu komunit
* GN benchmark
* LFR benchmark

— Porovnanie kanonického a detekovaného rozdelenia
« NMI
* Priemerna Jaccardova podobnost’
* Modifikacie zakladnej tulohy
— Perekryvajuce sa zkluky
— Vrcholy / hrany s atributmi
— Detekcia komunity pre dany vrchol
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Nacrt obsahu

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Rychle algoritmy na detekciu komunit
— Label propagation
— Louvain method
— SCCD

« Zhlukovanie na sietach realneho sveta

— Ako dobre funguju algoritmy na detekciu komunit na siet’ach realneho
sveta s explicitne definovanymi komunitami

Znalosti 2013, Ostrava 14.10.2013 4
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Sl Komplexné siete

L

Eurépska tnia
Eurdpsly fond regioniineho rozvein

« Grafové data — zachytavaju
entity (vrcholy grafu) a ich
vztahy (hrany grafu)

* Velke data — rozsah
spracovavanych dat robi
orientaciu v datach, ich
vizualizaciu a Studium ich
vlastnosti netrivialnym
problémom

« Komplexny systém - zlozeny
20 spojenych Casi, ako celok
vykazuje vlastnosti, ktoré sa
nedaju pozorovat na drovni
jednotlivych Casti

Znalosti 2013, Ostrava

14.10.2013
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Sl Komplexné siete v realnom svete

*
Joy K

Eurépska tnia
Eurdpsh fond regiondneho rozvois

« Coraz viac dostupnych déat, ktoré mozno prirodzene modelovat ako
komplexné siete
— Velké on-line aplikacie:
» Socialne siete (facebook, twitter)
« Komunikacia (instant messenging, emaily, call networks)
» Socialne média (blogy)

Linked 7))

Znalosti 2013, Ostrava 14.10.2013 6




Socialne siete a obsah generovany uzivate I'mi

Eurépska tnia
Eurdpsly fond regioniineho rozvein

e Socialna siet’ — relacie medzi uzivatefmi
— Facebook - 750 milionov uzivate Fov
— YouTube - 490 miliénov pravidelnych uzivate Fov
— Twitter - 550 milionov uzivate [Fov
— Wikipedia - 91,000 kontributorov

e Obsah generovany uzivatelmi
— textové spravy, fotky, videa, reakcie (+1/ Likes)
— Facebook - 30 miliard zdie FPanych poloziek / mesiac
— Twitter - 190 milionov mikropostov/de n
— Wikipedia - 17 milionov hostovanych  €lankov
 Interakcia uzivatefov s obsahom
— YouTube - 92 miliard zobrazeni stranok / mesiac
— Twitter - 1.6 miliard dopytov za de n
— Facebook — priemerny €as straveny na stranke za mesiac: 15H 33M

Zdroj: http://www.jeffbullas.com/2011/09/02/20-stunning-social-media-tatistics/#q3eTJhr64rtDOtLF.99
Znalosti 2013, Ostrava 14.10.2013 7
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Sl Komplexné siete v redlnom svete

L

Eurépska tnia
Eurépehy fond regiendineho rozvers

Socialne site

— On-line socialne siete

— Komunika ¢éné siete
Informacné siete

— Blogy

— Citacné siete

— WWW, hypertext
Sémantické site

— Linked open data cloud
Jazykové siete

— Term co-occurance networks
Techologické siete

— Cestné siete

— Inzinierske site (elektricke, potrubne)

Znalosti 2013, Ostrava 14.10.2013 8




Rl \/lastnosti komplexnych sieti

Eurépska tnia
Eurépshy fond regionéineho rozvos

* Ako vyzeraju komplexné siete z realneho sveta?
* Ako sa podobaju realne site na nahodné grafy?

* Maju rovnakeé typy sieti podobné vlastnosti?

— Su globalne vlastnosti socialnej siete A podobné vl astnostiam
socialnej siete B?

Znalosti 2013, Ostrava 14.10.2013 9




Statistické vlastnosti komplexnych sieti

Eurépska tnia
Eurdpsh fond regiondneho rozvein

* Podobaju sa komplexné siete na nahodné grafy?

« Erdos-Renyi model nahodného grafu:

— Variant 1.
« Graf o n vrcholoch, kazda hrana (i,j) existuje s pravdepodobnostou p
* Teda graf s m hranami sa vyskytuje s pravdepodobnotou:
 p*m * (1-p)(M-m); kde M=n(n-1)/2
— Variant 2:
« Graf on n vrcholoch a m nahodne vybranych hranach

Znalosti 2013, Ostrava 14.10.2013 10




Statistické vlastnosti komplexnych sieti

Eurépska tnia
Eurdpsh fond regiondneho rozvois

* Podobaju sa komplexné siete na nahodné grafy?

« Erdos-Renyi model nahodného grafu:

— Variant 1:
« Graf o n vrcholoch, kazda hrana (i,j) existuje s pravdepodobnostou p
* Teda graf s m hranami sa vyskytuje s pravdepodobnotou:
 p*m * (1-p)(M-m); kde M=n(n-1)/2
— Variant 2:
« Graf on n vrcholoch a m nahodne vybranych hranach

 Distribucia stupriov nahodného grafu - binomicka

g :
Pe=|, p*a-p)y"™
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Statistické vlastnosti komplexnych sieti

Eurépska tnia
Eurdpsly fond regioniineho rozvein

* Podobaju sa komplexné siete na nahodné grafy?

« Erdos-Renyi model nahodného grafu:

— Variant 1.
« Graf o n vrcholoch, kazda hrana (i,j) existuje s pravdepodobnostou p
* Teda graf s m hranami sa vyskytuje s pravdepodobnotou:
 p*m * (1-p)(M-m); kde M=n(n-1)/2
— Variant 2:
« Graf on n vrcholoch a m nahodne vybranych hranach

 Distribucia stupriov ndhodného grafu — binomicka
« Priemer grafu: O(log n) - zvacsujuci sa s velkostou grafu

Znalosti 2013, Ostrava 14.10.2013 12




ROl Distribucia stup nov v realnych sie tach

BER (priklad D)

Gnuplot (window id : 0)
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Distriblcia stup nov v realnych sie tach - log Skala
(priklad [DHRExtia)

Europska unla

Gnuplot (window id : 0)
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Distriblcia stup nov v realnych sie tach - log Skala
(priklad [DHRExtia)

Europska unla

Gnuplot (window id : 0)
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Distriblcia stup nov v realnych sie tach - log Skala
(priklad [DHRExtia)

Europska unla

Gnuplot (window id : 0)
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Sl Nahodna sie t' a siet’ s mocninovou diistibdiciau

Eurépska tnia
Eurépehy fond regiendineho rozvers

Siet’ s mocninovou dist. stu nov Siet’ s binomickou dist. stu nov

Zdroj: http://geza.kzoo.edu/bionet/html/scalefree.html

Znalosti 2013, Ostrava 14.10.2013 17




BNl Nahodna sie t’ a siet’ s mocninovou

*

M distriblciou

Eurépska tnia
Eurépehy fond regiendineho rozvers

Siet’ s mocninovou dist. stu nAov Siet’ s binomickou dist. stu nov
L ] ]
- I| - ¢ -t ‘ . .\‘*‘ -
s . » .
. o TH . ."" . * : . <’ »

Ddésledkok pre analyzu:

Realne siete maju mocninovu distribtciu =>

Existuju v nich vrcholy s vysokymi stupfiami =>
Kategorizacia na zaklade topologickej Struktury (hrany v grafe) funguje.
Napr. PageRank, Hits

Zdroj: http://geza.kzoo.edu/bionet/html/scalefree.html

Znalosti 2013, Ostrava 14.10.2013 18




Sl Siete malého sveta u
P

* Objavené studiom socialnych sieti v sociologi
« Milgramov experiment

— (60-te roky; uloha: doru ¢€enie listov cez socialnu sie t od nahodnych
Pudi v Nebraske primate lom v Chicagu; priemer 6 krokov pre)

« Objav: socialne site maju kratku dizku najkratsich ciest medzi nahodne
vybranymi
« Potvrdené aj skimanim pocitaCovych socialnych sieti
— Analyza MSM site — instant messaging
— Priemerna d iZka najkra3ej siete medzi ndhodne vybranymi uzali: 6,6

— [Jure Leskovec, Eric Horvitz: Planetary-scale views on a large instant-
messaging network. WWW 2008]

« Priemer site (aj priemerna dizka cesty medzi 2 vrcholmi) sa zmen3uije pri
zvacsSovani siete
— V protiklade k nahodnym sietam

Znalosti 2013, Ostrava 14.10.2013 19




Zhlukovaci kicediroeerht u
Euripsk Gt —

e Siete malého sveta ¢asto obsahuju kliky, alebo ,,skoro kliky*

« Efekt ,moji priatelia v socialnej sieti su ¢asto priatelia navzéjon‘

* Matematicky to mozno zachytit pomocou zhlukovacieho
koeficientu

o Lokalny zhlukovaci koeficient: CE)l
€
C; = kjt:{k:;f'l) Uy, Ug - ..!“"lrirt',ffj;; c k. . &D
c=1/3

@)
®
O

c=0
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Sl \/lastnosti realnych sieti

Eurépska tnia
Eurépehy fond regiendineho rozvers

Mocninova distribucia stupriov vrcholov

Mala vzdialenost medzi nahodnymi uzlami v sieti (maly priemer grafu)
Priemer grafu sa znizuje pri rozSirovani siete

Vzor zhlukovania v sieti: vysoky zhlukovaci koeficient

Ddésledky:

— Algoritmy na spracovanie/dolovanie grafov funguju v d’aka tymto
vlastnostiam

— Rozliéné typy sieti z redlneho sveta maju podobné vlastnos i

— Algoritmy navrhnuté pre jeden konkrétny typ sieti ( napr. soc. siete)
budu pravdepodobne dava t zmysluplné vysledky aj na inych sie  tach s
podobnymi matematickymi vlastnos  tami

— Mocninova distribldcia stup  Aov — pri traversovani grafu do Sirky uz pri
nizkom po €éte hopov je nutné prejs t' znaénu €ast’ siete

Znalosti 2013, Ostrava 14.10.2013 21




Sl Typické ulohy dolovania v grafoch u

Rekurzivne pocitanie mier centralit:

— Odhadnu t' délezitos t vrchlov v topologii siete
* PageRank
e HITS

e Detekcia komunit

— Identifikova t’ skupiny vrcholov silne prepojené medzi sebou a slab Sie
prepojené s ostatnymi komunitami

— Prekryvajuce sa komunity
* Propagacia v sietach
— Sirenie informacii v sie tach
— Kaskadové spravanie, propagacia vyrusov
 Klasifikacia objektov na zaklade liniek
* Predikcia vzniku liniek
e Objavovanie €astych vzorov

Znalosti 2013, Ostrava 14.10.2013 22




Detekcia komunit

Eurépska tnia
Eurépehy fond regiendineho rozvers

« |dentifikacie zhlukov uzlov siete silne prepojenych medzi sebou a menej
silne prepojenych so zvySkom siete

« Detekcia komunit v grafoch ma za ciel identifikovat moduly a ich
pripadnu hierarchickd organizaciu

14.10.2013




W Detckcia komunit — ddéfifdizia

Eurépska tnia
Eurdpsh fond regiondneho rozvein

* Neexistuje konsenzus na formalnej definicii :
— problému detekcie komunit
— komunitnej Struktary grafu (community structue)
— komunity ako take]

« NajCastejSie pouzivané definicie komunity / zhluku grafu su zalozené na
pocte hran v ramci komunity (hustota) a pocte hran veducich mimo
komunitu

« Definicie komuitnej Struktary su ¢asto silne zavislé na problémovej
doméne a vlastnostiach analyzovanych grafov.

Znalosti 2013, Ostrava 14.10.2013 24




Wl Detekcia komunit — deéfifticia u

* NajCastejSie pouzivana definicia:
— Komunita je zhluk uzlov, kde po €et vnutornych hran v komunite je
va€si ako po ¢et vnokajSich hran — mimo komunity

[IM.E.J. Newman. The structure and function of compl  ex networks. SIAM
REVIEW 45, 2003.]

Znalosti 2013, Ostrava 14.10.2013 25
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SRl Detekcia komunit — ddéfifdicia

Eurépska tnia
Eurépehy fond regiendineho rozvers

e Alternativna definicia;

— Komunita je zhluk uzlov, kde pre kazdy uzol plati, ze po  €et hran uzla v
ramci komunity je va €Si ako po €et hran uzla smerujucich do ingj
komunity.

~ G=(V,E)

\V/j € Ck:aﬁ(jnck) > ma${ﬂﬁj,Cg),Cg € 7}

— Y.Hu, H. Chen, P. Zhang, M. Li, Z. Di, and Y. Fan. Comparative definition of community and correspondi ng identifying algorithm.
Phys. Rev. E, 78(2):026121, Aug 2008
—  Marek Ciglan , Kjetil Ngrvag: Fast detection of size  -constrained communities in large networks, proceed ings of WISE'10, LNCS
Volume 6488/2010
Znalosti 2013, Ostrava 14.10.2013
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Sl Detekcia komunit — ddéfifdicia

L

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Dosledky neexistencie konsenzu na formalnej definicii problému:
— ROzni autori pouzivaju rozne definicie komunit
— Typické rieSenie problému, 2 kroky:
- Specifikacia metriky kvality komunitnej truktary
 Algoritmicka technika pre zhlukovanie grafu optimalizujica danu metriku

* Velké mnozstvo publikacii
— Prehladova praca [Fortunato10]
o 457 referencii
« Citovana viac ako 1800 krat (podla sluzby google scholar )

— Publika ény pretlak - Po €et publikovanych algoritmov na detekciu
komunit mozno rata t’ v stovkach

— Dopyt ,community detection* v google scholar - 8000+ vysl| edkov
— Dopyt ,community detection algorithm“ v google scholar - 1 500+
vysledkov

[Fortunato10] S. Fortunato (2010). "Community detect  ion in graphs”. Phys. Rep. 486 (3-5): 75-174.
doi:10.1016/j.physrep.2009.11.002

Znalosti 2013, Ostrava 14.10.2013 27




Triedy algoritmov na detekciu komunit

Eurépska tnia
Eurépehy fond regiendineho rozvers

Algoritmy zalozené na deleni siete [Girvan, Newman]
Algoritmy zalozené modularite

— Greedy aproximacie

— Simlulované zihanie

— Extremal optimization
Algoritmy zaloZené na spektralnej analyze grafu

— Vyuziva spektrum grafu (vlastné ¢isla a vektory maticovej
reprezentacie grafu)

Dynamické algoritmy
— Nahodné pochddzky (random walk)
— Spinové modely
Modely zalozené na Statistickej inferenci

Znalosti 2013, Ostrava 14.10.2013 28
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Girvan- Nswmeammy atpmritmuiss

Eurépska tnia
Eurépehy fond regiendineho rozvers

Zalozeny na koncepte centrality spojitosti hran (betweenness centrality)
Centralita spojitosti pre e:
— Pocet najkratSich ciest
prechadzjucich hranou e
Algoritmus:
1. Vypo €itaj centralitu spojitosti pre vSetky hrany grafu
2. Hrana s najvySSou mierou centrality je odstranena
3. Prepo €itaj mieru centrality pre hrany ovplynené odobratim h rany
4. Krok 2 a 3 je opakovany do odobratia poslednej hr  any
Vysledkom algoritmu je dendogram

] A R A R BN B EDE NN B
A 2925283343024 31 9 232 19 98 1S 28 32 27T W0 4 14 2 1 820D WI1IB12 T 1TE 5 11

Girvan M. and Newman M. E. J., Community structure  in social and biological netwatks, Proc.

Natl. Acad Sci. USA 99, 7821-7826 (2002
Znalosti 2013, Ostrava 0.2013 29




Eurépska tnia
Eurépehy fond regiendineho rozvers

Lokalne mmestiky Kaaiigy Koomunitt u

« Typicky navrh algoritmu, 2 kroky:
— Specifikacia metriky kvality komunitnej Struktdry
— Algoritmicka technika pre zhlukovanie grafu optimali zujuca danu
metriku

e Metriky zamerané na:
— Poéetnos t’ hran v ramci zhluku
— Pocetnos t’ hran veducich mimo zhluku
— Kombinacia oboch

« Notacia: (G = (V’ E)
CcC:CCV
n. = |C|
me.=|F|: F CEAVY(i,j)e F:i,jel
o.=|G|:gCEAV(i,j)eF:iecCANj¢C
dy =|K|: K CEAV(i,j)e K:i=vAjeV

Znalosti 2013, Ostiava 14.10.2013 v




Metriky — wmittondaKkarekitvita

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Vnutorna hustota (Internal density)
— Vnutorna hustota komunity C

F(C) = Gzt

* Priemerny stupen (Average degree)
— Priemerny po €et vnutornych hran na uzol

F(C) = 2

Ne

* Priemerny pocet trojuholnikov
— Priemerny po €et vnutornych trojuholnikov na uzol

f(C) _ H{wvelC{u,weCA(v,uw) EEA(v,w)EEN(u,w)EE}FD})

Ne

Znalosti 2013, Ostrava 14.10.2013 31
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el Metriky — wmittorréakamekihnita

*
Joy K

Eurépska tnia
Eurdpsh fond regiondneho rozvois
|

« Vnuatorna hustota (Internal density) [F. Radicchi, C. Castellano, F. Cecconi,
, , _ V. Loreto, and D. Parisi. Defining and
— Vnutorna hustota komunity C identifying communities in networks.

PNAS, 101(9), 2004.]

F(C) = Gt/

* Priemerny stupen (Average degree)
— Priemerny po €et vnutornych hran na uzol

f ( C) __ 2Xm,
Ne [J. Yang and J. Leskovec. Defining and
Evaluating Network Communities

* Priemerny pocet trojuholnikov gg‘i‘;d]"“ Ground-Truth. In: ICDM,

— Priemerny po €et vnutornych trojuholnikov na uzol

f(C) _ H{wweCHu,weCA(v,u)EEA(v,w)EEN(u,w)EE}FD})|

Ne

Znalosti 2013, Ostrava 14.10.2013 32




Metriky — wanrkagfsaa kamekiinrita

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Expanzia (Expansion)
— Poé€et hran mimo komunity na uzol

* Pomer rezu (cut ratio)

— Pomer existujucich hran iddcich mimo komunity k po ¢tu moznych
hran

f(C) — ncx((;fxm)

Znalosti 2013, Ostrava 14.10.2013 33




Bl Metriky — vonkaiSm oreiiiie

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Expanzia (Expansion)
— Poé€et hran mimo komunity na uzol

F(C) = £

[F. Radicchi, C. Castellano, F. Cecconi, V. Loreto, and D. Parisi. Defining and identifying
communities in networks. PNAS, 101(9), 2004.]

* Pomer rezu (Cut ratio)

— Pomer existujucich hran iddcich mimo komunity k po ¢tu moznych
hran

f(C) — ncx((;fxm)

[Fortunato10] S. Fortunato (2010). "Community detect  ion in graphs". Phys. Rep. 486 (3-5): 75—
174. doi:10.1016/j.physrep.2009.11.002]
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Metriky — Kanibmausee wniitonmesjawankasa)
konektivity u

Eurépska tnia
Eurépshy fond regionéineho rozvos

* Vodivost (Conductance)
— Pomer po €tu hran veducich mimo komunitu ku celkovému po ¢tu hran

f(C) — Qmij—og

« Maximalny vonkajsi stupen (Maximum out degree fraction)
— Maximalny pomer von iddcich hranz ~ vrchola komunity k jeho stup nu

_ {(v,u)e EAugCH|
f(C) = max,cc T
* Priemerny vonkajSi stupen (Average out degree fraction)
— Priemerny pomer von iducich hran z vrchola komunity k jeho stup Au
_ 1 {(v,u)e EAugC}|
f(C) o Ne Z’UEC d"v

Znalosti 2013, Ostrava 14.10.2013 35




Metriky — Kanibmausee wniitonmesjawankasa)
konektivity u

Eurépska tnia
Eurdpsh fond regiondneho rozvois

« Vodivost (Conductance) Fan Chung. Spectral Graph Theory.

— Pomer po €tu hran veducich min CBMS Lecture Notes 92, AMS an

PUbliC&tiOIIS, 1997.

« Maximalny vonkajsi stupen (Maximum out degree fraction)
— Maximalny pomer von iddcich hranz ~ vrchola komunity k jeho stup nu

[{(v,u)EEAugC}H
f(C) — ma’:B’UEC G. Flake, S. Lawrence, and C. Giles.

Efficient identification of web communities.
* Priemerny vonkajsi stuperi (Ave In KDD '00, pp 150-160, 2000

— Priemerny pomer von iducich hran z vrchola komunity k jeho stup Au
f(C) = 1 {(v,u)EEAuECE
N ve(C d,
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Wl Metriky - puomurane

Eurépska tnia
Eurépshy fond regionéineho rozvos

« Aky je vztah medzi rozlicnymi metrikami?

o Zdroj: [J. Yang and J. Leskovec. Defining and Evaluating Network
Communities based on Ground-Truth. In: ICDM, 2012]

 Autori pouzili realne siete s explicitne definovanymi komunitami

* Pre komunity vypocitali hodnoty jednotlivych metrik

« Porovnali korelaciu

| PR Internal Density
\ —

FOMD

| Modularity | Avg Deg /

AN

Max ODF Edges Inside

/ Avg ODF

Conductance

Flake-ODF
Xpansion Cut Ratio
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Eurépska tnia
Eurépehy fond regiendineho rozvers

Metriky — qijtrisaiee metiiy ropztieinsite u
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Metriky — gitddaaires mrestridy nozobedeamen sette

Znalosti 2013,

Eurépska tnia
Eurépehy fond regiendineho rozvers




Eurépska tnia
Eurdpsky fond regiondineho rozveis

Metriky — qijtrisaiee metiiy ropztieinsite u

Mozno pouzi t’ lokalne metriky kvality komunity na posudenie /
porovnanie globalnej komunitnej Struktury celej siet e?

» Problematické su hrani €éné pripady:

e pre vnutornu konektivitu: rozdelenie do skupin po d voch

uzloch s jednou hranou maximalizuje takuto metriku

e pre vonkajSiu konektivitu: rozdelenie do skupin na zaklade
spojenych komponentov maximalizuje takato metriku

Znalosti 2013,




Bl Metriky - NWomtisaitta

Eurépska tnia
Eurdpsly fond regioniineho rozvein

o Zdoj: [M.E.J. Newman and M. Girvan. Finding and evaluating community
structure in networks. Physical Review E 69(02), 2004.]

* Modularita — metrika ohodnocujuca vhodnost rozdelenia celej siete
* Myslienka:

— Porovna t’ po¢et hran leziacich v zhlukoch s o €akavanym po étom hran
v referen énom modeli siete s rovhakym po €tom vrcholov a han

— Referen ény model: obvykle ndhodna sie t
* Modularita

— Q = (pocéetnos t’ hran vo vnutri komunit) — (o €akavana po ¢etnos t’ hran v
rovnakom rozdeleni do skupin v referen  énom modeli (v nahodnej
sieti))
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Metriky - N¥ombUé&arita

Eurépska tnia
Eurdpsh fond regiondneho rozvois

Modularita

A_i,j —inciden¢na matica

K i, K j—stupne vrcholovi a|

m — pocet hran grafu

Delta(Ci, Cj) = 1 iff i aj lezia v rovhakom zhluku, ina¢ O

Modularita vhodna ako
— Metrika kvality rozdelenia
— Metrika na porovnanie réznych rozdeleni, algoritmov

Znalosti 2013, Ostrava 14.10.2013 42




* * 5
*

Bl Modularita — limiitroztilsSemda

Joy K

Eurépska tnia
Eurdpsh fond regiondneho rozvois

e Praca: S. Fortunato and M. Barthelemy. Resolution limit in community
detection. PNAS 104(1), 2007

* Problém modularity: limit rozliSenia

« Optimalizacia modularity nerozozna malé komunity (relativhe, na pocet
hran siete)

 Km —klik o m hranach
 m<sqrt(|E|)
— Maximalne skore modularity

odpoveda rozdeleniu s viacerymi
klikmi v komunitach

Znalosti 2013, Ostrava 14.10.2013 S 43




Eurépska tnia
Eurépehy fond regiendineho rozvers

Modularita — pobiemesttéenmes dbepeee e u

e Praca: [B. H. Good, Y.-A. de Montjoye and A. Clauset: The
performance of modularity maximization in practical contexts.
Physical Review E 81, 046106 (2010)]

* Modularita vykazuje extrémnu degeneraciu - Exponencialne mnozstvo
réznych rozdeleni grafu do komunit nadobuda vysoké hodnoty
modularity

Znalosti 2013, Ostrava 14.10.2013 44




S Zhrnutie doterajSieho obsahu

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Neexistencia konseznu na formalnej Specifikacii problému
— ROzne definicie / intuitivhe, neformalne definicie
— Velké mnozstvo navrhnutych algoritmov

o Metriky
— Lokalne — mnozstvo réznych definicii

— Lokalne metriky — zle transformovate I'né na globalnu urove n
rozdelenia celej siete

* Modularit
— Metrika ohodnotenia rozdelenia celej siete
— Limit rozliSenia — relativne malé komunity nie su odh alené
— Problem degeneréacie — ve [la rozdeleni s vysokym skoére modularity

Znalosti 2013, Ostrava 14.10.2013 45




W SkiSobné (Heeratimaakk) oyedgy

Eurépska tnia
Eurdpsly fond regioniineho rozvein

Alternativny pristup k vyhodnocovaniu presnosti algoritmov na detekciu
komunit

Majme grafy so znamou Struktdrou komunit
Vysledky zhlukovacieho algoritmu porovname s referenénym rozdelenim

Grafy mozno generovat

Znalosti 2013, Ostrava 14.10.2013 46




* K %

Sl Girvan-Newmam themctmeadk gyedfy

* 4k

Eurépska tnia

Eurdpsky fond regiondineho rozveis

* Praca: [M. Girvan and M. E. J. Newman, Community structure in social and
biological networks, Proc. Natl. Acad. Sci. 99, 7821 (2002).]
* Benchmark grafy
— 128 vrcholov
— Rozdelnych do 4-och komunit
— Kazda komunita: 32 uzlov

— Priemerny stupe n uzla: 16

14.10.2013




* K %

S Porovnanie dagédloveaédioo aareééeeen éného rozdelenia

* 4k

Eurépska tnia

Eurdpsky fond regiondineho rozveis

14.10.2013 48




Wl Normalized muitizd infomeion u
s

e Praca: [L. Danon, J. Duch, A. Diaz-Guilera, and A. Arenas. Comparing
community structure identification. Journal of Statistical Mechanics:
Theory and Experiment, Oct 2005]

« Navrhnuta miera ,Normalized mutual information“ (information theory)
* Vypocet zalozeny na prienikovej matici N (confusion matrix)
— Riadky reprezentuju referen €né komunity

— Stipce reprezentuji detekované komunity

— Prvky matice: N_ij = Po €et prvkov referen €nej komunity i, ktoré sa
nachadzaju v detekovanej komunite |

2594 T Niglog (20)
24 N; log (X) + 352, N log (52)

I(A, B) =
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Priemerna Jraozachinia pookddinoss t

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Jaccardova podobnost:
— Statistika ur €ujuca podobnos t dvoch mnozin

J(A, B) = 208
) | AUB|
« Porovnava dve mnoziny
* Pouzitie na porovnanie dvoch rozdeleni do komunit:
1. Pre kazdu referen énu komunitu
najdi detekovanu komunity s najva  €Sim prienikom

2.
3. Vypo ¢itaj Jaccardov index
4. Vysledok: priemerny jaccardov index / alebo median

Znalosti 2013, Ostrava 14.10.2013
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GN benchmark nedss

Eurépska tnia
Eurdpsly fond regioniineho rozvein

 GN benchmark siete:
— Nerealistické
— Malé — 128 uzlov
— Maly po €éet komunit
— Rovnaka ve Fkost’ komunit
— Nerealisticka distribucia uzlov

Znalosti 2013, Ostrava
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* K %
*

LFR benchmarks

* 4k

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Praca: [A. Lancichinetti and S. Fortunato. Benchmarks for testing
community detection algorithms on directed and weighted graphs with
overlapping communities. Phys. Rev. E, 80(1), 2009.]

« Snaha odstanit nedostatky GN-benchmark grafov

« Generovanie sieti s viac realistickymi vlastnostami:
— Zalozené na planted [-partition model
— Distribdcia stup nov — mocninova
— Distribdcia ve kosti komunit — mocninova
— Definovate Pny zhlukovaci koeficient
— Parametrizovate I'na ,vidite Pnost’ komunit* ¥

Znalosti 2013, Ostrava 14.10.2013




* K %
*
*

3 Ramec na vyhodnotenie alglgomiooy

Eurépska tnia

Eurdpsky fond regiondineho rozveis

* 4k

Metriky
porovnania dvoch
rozdeleni

* NMI

*Priemerny
Jaccardov index

Algoritmus na
Detekciu komunit

Znalosti 2013, Ostrava 14.10.2013 53




Modifikacie zakladnej ulohy

Eurépska tnia
Eurépehy fond regiendineho rozvers

Detekcia prekryvajucich sa komunit

— Jeden vrchol patri do viacerych komunit
Siete s atribatmi

— Vrcholy a/alebo hrany maju atributy

— Dodato éna informacia k topologii grafu
Detekcia komunity / komunit pre dany vrchol
Hierarchicka detekcia komunit
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Porovnanie algoritmov na detekciu komunit u

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Praca: [A. Lancichinetti and S. Fortunato. Community detection
algorithms: A comparative analysis. Phys. Rev. E, 80(5):056117, Nov
2009.]

« Porovnanie popularnych algoritmov na detekciu komunit
» Pouzitie LFR bechmark grafov
« Porovnanie na r6znych nastaveniach generovanych sieti
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Porovnanie algoritmov na detekciu komunit

Eurépska tnia
Eurépshy fond regionéineho rozvos
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Porovnanie algoritmov na detekciu komunit

—

Ay
—
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Porovnanie algoritmov na detekciu komunit
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Sl Detekcia komunit vo ve [Fkych sie tach u

« Pamatové obmedzenie
— Vypo €ty nad grafmi su datovo orientované
— Prechod topologiou grafu

— Praca s grafovymi datami je charakteristicka nahodn ym pristupom k
datam

— Préaca s diskom vyzaduje ve la drahych I/O operacii
— Standardny pristup: cely graf v pamati

Vacsina algoritmov ma detekciu ma polynomialnu ¢asovu naroénost
Analyza velkych sieti je problematicka
Priklad:
— Analyza grafu liniek Wikipédie
— 3+ milibnov vrcholov, 120+ milionov hran
— Vypo ¢€et prilis dihy
Pre velke siete su vyhodne metddy s linearnou Casovou zlozitostou
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* K %

Sl Algoritmus Propagécie zna €iek (Label Propeagiion )

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Greedy algoritmus s pseudo-linearnou ¢asovou naroc¢nostou
« Pseudo-linearna ¢asova naroc¢nost:

— Vypo €et prebieha v iteraciach

— Kazda iteracia ma linearnu ¢asovu zlozitos t’

— RieSenie dobre konverguje po malom po  €te iteracii => lteracii sta €i
relativne maly po cet

 Algoritmus:
— Inicializacia: kazdy vrchol v separatnej komunite
— lteracie
* Prechod po uzloch v nahodnom poradi

» Spracovavany uzol priradime do komunity, ku ktorej ho viaze najvacsi pocet hran
« V pripade viacerych komunit s najvyssim skore, vyber prislusnost nahodne
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* K %

S Propagicia zna éiek — Jednoduchy prikiadi

* gk

Eurépska tnia
Eurépehy fond regiendineho rozvers
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

Sl Propagacia zna éiek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

Sl Propagacia zna éiek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

W8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

W8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépshy fond regionéineho rozvos

Znalosti 2013, Ostrava

Propagacia zna €iek — Jednoduciy jprikizad

End of 1st iteration

14.10.2013
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Eurépska tnia
Eurépehy fond regiendineho rozvers

W8 Propagacia zna &iek — Jednoduchy prikiad u
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Eurépska tnia
Eurépehy fond regiendineho rozvers

S Propagacia zna &iek — Jednoduchy prikiad u
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Sl Propagacia zna ciek u
At ] -

* Pre benchmark siete s nastavenou vysokou ,viditefnosti komunit* ma

dobré vysledky
* Pri menegj jasnych konfiguraciach ma tendenciu zahrnuat velku ¢ast

vrcholov do jednej komunity
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* * 5

el Modifikacie algoritmu propagécie zna  €iek

*
Joy K

Eurépska tnia
Eurdpsh fond regiondneho rozvois
|

« Zakladny algoritmus:
— Inicializacia: kazdy vrchol v separatnej komunite

— lteracie
* Prechod po uzloch v nahodnom poradi
« Spracovavany uzol priradime do komunity, pre ktora ma najvyssie hodnotu
funkcie narastu
* V pripade viacerych komunit s najvyssim skore, vyber prislusnost nahodne

79
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* A . 7
SRa L ouvain mettoka
o i

» Greedy algoritmus optimalizujaci modularitu

« Zalozeny na principe propagacie znaciek

e Zachovava pseudo-linearnu ¢asovu zavislost
e Funkcia narastu:

AQ = >in tKiin (ZtotJrkz‘)z | 2in (Emt)Q B ( ki )2

2m 2m 2m 2m 2m

¢ SUM_in —suma vah liniek v komunite C
¢ SUM _ tot - suma vah liniek hran incidentych s uzlami komunity C
* k_i—vaha liniek incidentych s uzlom k
* k_i,in —vaha liniek incidentych s uzlom kv C
 m -vaha vSetkych liniek v sieti
[Vincent D Blondel, Jean-Loup Guillaume, Renaud Lambi  otte, Etienne

Lefebvre: Fast unfolding of communities in large network s, Journal of

Statistical Mechanics: Theory and Experiment 2008 (10 ), P10608
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Cvi&enie: Greedly detiekeia kamumitt ma \WVikieeidi u

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Detekcia komunit v link grafe Wikipédie
— 3.1M nodes
— 91M edges
« Label Propagation algoritmus:
— Najvacésia kominta: 2.96M uzlov
e Louvain metdda:
— Najvacésia kominta : 400K uzlov
— 20 najva €sich komunit : 95% siete
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Sl Cvicenie: Greedly dietielxiz komumit ma \WiKilipeidi

Eurépska tnia

Eurdpsky fond regiondineho rozveis

Znalosti 2013, Ostrava 14.10.2013
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SCCD (Size Constrained Coonnmounityy Di2édeton) u

Eurépska tnia
Eurépehy fond regiendineho rozvers

Greedy algoritmus zalozeny na principe propagacie znaciek
Zachovava pseudo-linearnu ¢asovu zavislost
Motivacia:

— Zabrani t’ vzniku obrovskych zhlukov

— Umozni t’ parametrizaciu maximalnej ve Pkosti komunity
Funkcia narastu:

C

UpperLimit
seed_gain(n,C') = aff(n,C') x log ( e = N )

[Marek Ciglan , Kjetil Ngrvag: Fast detection of size  -constrained
communities in large networks, proceedings of WISE' 10, LNCS Volume
6488/2010, Springer-Verlag]
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SCCD (Size Constrained Coonnmounityy Di2édeton)

Eurépska tnia
Eurépehy fond regiendineho rozvers
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[Marek Ciglan , Kjetil N@rvag: Fast detection of size  -constrained
communities in large networks, proceedings of WISE' 10, LNCS Volume
6488/2010, Springer-Verlag] —
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Siete realneho sveta s explicitnymi komunitami

Eurépska tnia
Eurdpsh fond regiondneho rozvois

 Praca: [J. Yang and J. Leskovec. Defining and Evaluating Network
Communities based on Ground-Truth. In: ICDM, 2012]

 Autori pouzili realne siete s explicitne definovanymi komunitami

» Siete z r6znych zdrojov:
— LiveJournal, Orkut, Youtube
» uzivatel'mi definované skupiny budeme pokladat za komunity
— DBLP

» Graf ko-autorstva publikacii

 Autori publikujuci na rovnakych konferenciach a spojeny v komponente =>
komunita

— Amazon
« Siet’'s hranami indikujucimi ¢asté spolu-kupovanie dvoch produktov
* Komunity definované kategoriami

 Filtrovanie explicitne definovanych komunit na zaklade lokalnych metrik
kvality komunit
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realneho sveta

Eurépska tnia
Eurépehy fond regiendineho rozvers

Detekcia komunit v rozsiahlych sie  t'ach u

* Praca: [Marek Ciglan, Michal Laclavik and Kjetil Ngrvag: On Community
Detection in Real-World Networks and the Importance of Degree
Assortativity, 19th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining, KDD 2013]

* Pouzili sme rychle algoritmy na detekciu komunit na niekolkych
rozsiahlych sietach realneho sveta so znamymi explicitnymi komunitami
— LiveJournal, Orkut, Youtube, DBLP, Amazon, DBPedia
— DBPedia: znalostna baza derivovana z Wikipedie; explic  itné komunity
su kategorie Wikipéedie
— Pouzité algoritmy: Label propagation, Louvain method, SCCD
* Pre niektoré siete algoritmy dorucili dobru aproximaciu explicitne
definovanych zhlukov, pre Cast sieti nie
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Eurépska tnia
Eurdpsh fond regiondneho rozvein

Detekcia komunit v rozsiahlych sie  t'ach
readlneho sveta -
« Porovnanie detekovaného rozdelenia siete a explicitnych komunit

Louvain Label Prop. SCCD

DBLP-top5K 0.53 (0.24) 0.49 (0.25) | 0.51 (0.26)
Amazon-top5K 0.76 (0.37) 0.85(0.46) | 0.86(0.46)
YouTube-topSK 0.23 (0.09) 0.08 (0.02) | 0.19 (0.05)
Orkut-topSK 0.04 (0.03) 0.03 (0.02) | 0.24 (0.06)
LJ-topSK 0.52 (0.28) 0.57 (0.32) | 0.60 (0.32)
DBPedia-topSK | 0.004 (0.0008) | 0.003 (0.003) | 0.13 (0.06)
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Eurépska tnia
Eurdpsh fond regiondneho rozvein

Detekcia komunit v rozsiahlych sie
realneho sveta

t'ach

« Cast vrcholov prislichajicich 50-tim najvas&im komunitam

Lou LP SCCD Ground-truth

fract. of N fract. of N fract. of N fract. of N

DBLP 0.11 0.07 0.05 0.32
Amazon 0.03 0.03 0.04 0.83
YouTube 0.50 0.66 0.17 0.01
L) 0.67 0.71 0.07 0.09
Orkut 0.97 0.99 0.93 0.09
DBPedia .98 0.96 0.89 0.001
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+*

Wl rcalneho sveta

Eurépska tnia

Eurdpsky fond regiondineho rozveis

ROl Detekcia komunit v rozsiahlych sie  tach
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Bl Detekcia komunit v rozsiahlych sie  tach
ML realneho sveta

Eurépska tnia
Eurdpsh fond regiondneho rozves

* Hypotéza: tendencia skimanych algoritmov zalozenych na propagacii
znaciek na sietach DBPedia a Orkut zhrnat va¢sinu vrcholov do malého
poctu velkych komunit je spdsobena velkym podielom hran spajajucich
vacésinu vrcholov s vrcholmi vysokého stupna v hustom jadre siete.

« Koeficient asortativity siete:  Ciselne vyjadruje tendenciu uzlov byt
spojenych s uzlami podobného stupna (Pearsonov korelacny koeficient
stupnov vrcholov spojenych hranou)
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ML redlneho sveta

Detekcia komunit v rozsiahlych sie

t'ach

 Asortativita skimanych sieti a asortativita ich Struktury explicitnych

vy

komunit

net AC | TopSk Comm. AC | All Comm. AC
DBLP 0.267 0.436 0.446
Amazon | -0.059 -0.077 -0.026
YouTube | -0.037 0.067 0.068
L] 0.045 0.464 0.365
Orkut 0.016 0.233 0.326
DBPedia | -0.018 0.958 0.973

« Zistenie: Asortativita sieti a Struktary komunit méze byt vefmi rozdielna.
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Detekcia komunit v rozsiahlych sie  t'ach
readlneho sveta u

Eurépska tnia
Eurépshy fond regionéineho rozvos

« Skumali sme moznost modifikovat siet pridanim vah na hrany
« Ciefom bolo znizit vahu liniek spajajucich disasortativne uzly

Weighting function 1:

fi(z,y) = floor(logio(maz(z,y)/min(z,y))
wl(e; ;) = 10~ 1(41):40))

Weighting function 2:

f2(z,y) = floor(logio(|z — yl)
w2(e; ;) = 107 2(d0-40)
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* * 5
* *
*

* *

* o4k

Eurépska tnia
Eurdpsh fond regiondneho rozvein

Detekcia komunit v rozsiahlych sie  t'ach
realneho sveta

Network | Alg. Orig wl w2
DBLP Lou 0.54 (0.24) [ 0.54 (0.26) | 0.56 (0.26)
LP 0.49 (0.25) | 0.49 (0.24) | 0.53 (0.25)

SCCD 0.52(0.26) | 0.51 (0.25) | 0.54 (0.25)

Amazon | Lou 0.76 (0.37) | 0.84 (0.43) | 0.83 (0.42)
LP 0.85(0.46) | 0.85 (0.46) | 0.83 (0.44)

SCCD 0.86 (0.46) | 0.86 (0.46) | 0.83 (0.44)

YouTube | Lou 0.23(0.10) [ 0.23(0.11) | 0.31 (0.12)
LP 0.08 (0.02) | 0.14 (0.05) | 0.24 (0.09)

SCCD 0.19 (0.06) | 0.21 (0.08) | 0.26 (0.10)

LJ Lou 0.52(0.28) | 0.49(0.27) | 0.52 (0.28)
LP 0.57 (0.32) | 0.59 (0.32) | 0.62 (0.32)

SCCD 0.6 (0.32) | 0.61 (0.32) | 0.62 (0.33)

Orkut Lou 0.04 (0.03) | 0.04 (0.04) | 0.17 (0.05)
LP 0.03 (0.02) | 0.03 (0.03) | 0.11 (0.04)

SCCD 0.24 (0.06) | 0.20 (0.06) | 0.25 (0.06)

DBPedia | Lou 0.004 0.016 0.053
(0.0008) (0.03) (0.15)

LP 0.003 (0.003) | 0.054 (0.14) | 0.31(0.17)

SCCD 0.13(0.06) | 0.26 (0.15) | 0.34 (0.18)

14.10.2013
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Detekcia komunit v rozsiahlych sie  t'ach
Eurépska unia rEéInEhO S.\/Eta .

Net Alg w2 rnd MW MW x w?2
DBLP | Lou | 0.56 | 0.47(0.23) | 0.54 (0.26) | 0.56(0.26)
LP 0.53 | 0.48(0.23) | 0.56 (0.27) | 0.56(0.26)
SCCD | 0.54 | 0.52(0.24) | 0.57 (0.27) | 0.57(0.27)
Amazon | Lou | 0.83 | 0.83(0.43) | 0.85 (0.43) | 0.83(0.42)
LP 0.83 | 0.82(0.43) | 0.85 (0.44) | 0.84(0.43)
SCCD | 0.83 | 0.82(0.42) | 0.85 (0.44) | 0.83(0.42)
YouTube | Lou | 0.31 | 0.15(0.05) | 0.20 (0.09) | 0.30(0.12)
LP 0.24 | 0.11(0.04) | 0.17 (0.07) | 0.29(0.11)
SCCD | 0.26 | 0.21(0.06) | 0.32(0.13) | 0.32(0.12)
LJ Lou | 0.52 | 0.50(0.27) | 0.53 (0.28) | 0.53(0.29)
LP 0.62 | 0.56(0.31) | 0.61 (0.33) | 0.63(0.33)
SCCD | 0.62 | 0.62(0.33) | 0.63 (0.34) | 0.63(0.33)
Orkut Lou | 0.17 | 0.06(0.03) | 0.08(0.03) | 0.13(0.04)
LP 0.11 | 0.03(0.02) | 0.06(0.03) | 0.18(0.04)
SCCD | 0.25 | 0.22(0.05) | 0.16 (0.04) | 0.19(0.05)
DBPedia | Lou | 0.05 | 0.03(0.01) | 0.05(0.03) | 0.29(0.15)
LP 0.31 0.001 0.33 0.40
(0.001) (0.16) (0.20)
SCCD | 0.34 | 0.15(0.06) | 0.36 (0.18) | 0.41(0.20)
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ROl Detekcia komunit v rozsiahlych sie  tach
realneho sveta

*
* 4 x

Eurépska tnia
Eurépehy fond regiendineho rozvers

DBPedia-LP-orig
DBPadial P-w2

] T T
DEPedia-SCCD-orig —+—
DBFedia-5CCO-w2 — =

0.8 s
0.6
0.4

0.2

ol

1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
Label propagation on DBPedia SCCD on DBPedia
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Sl \/yskumné smery

Eurépska tnia
Eurdpsh fond regiondneho rozvois

* RozSirovanie zakladného vyskumu v algoritmoch

« Aplikacie detekcie komunit
« Skélovatelnost

Znalosti 2013, Ostrava
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Eurépska tnia

Eurgpsly fond regiondinehs roavers




Bl Aplikacie

Eurépska tnia
Eurépehy fond regiendineho rozvers

Analyza socialnych sieti
— Rozdelenie do skupin

WWW — analyza liniek
— skupiny tématicky suvisiacich stranok

Biologickeé siete
— Interak €éné siete proteinov — komunity zoskupuju proteiny rovn akej
funkcie

— Funk éné moduly v metabolickych

Business inteligence
— Teleco — Churn prediction
— Finan €ény sektor — fraud detection
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* K %
*

Rl Aplikacie — Chlum esdictiom vitedkkomuikikagabh

*

Eurépska tnia
Eurépehy fond regiendineho rozvers

e Churn prediction
— Ciel je predikova t’ mozny odchod zadkaznikov od mobilného operatora
— Udrzanie zakaznika lacnejSie ako ziskanie nového

* Prediktivha analyza
— Data o zadkaznikoch — vektory rysov
— (f1, 12, ..., fn | churn =?)
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* K %

Bl Aplikacie — Chlunm presdiction vitetdkkomuikikagbabh

Eurépska tnia
Eurépehy fond regiendineho rozvers

e Churn prediction

— Ciel je predikova t’ mozny odchod zadkaznikov od mobilného operatora
— Udrzanie zakaznika lacnejSie ako ziskanie nového

* Prediktivha analyza

— Data o zadkaznikoch — vektory rysov
— (f1, 12, ..., fn | churn =?)

— RozSirenie vektorov o grafove rysy
* Prislusnost do komunity
* Centralita uzla (napr. page rank)

— (f1, 12, ..., fIn_, ofl, gf2, ..., gf _ m | churn=2?)

Znalosti 2013, Ostrava 14.10.2013
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Wl Skalovate nost

Eurépska tnia
Eurdpsh fond regiondneho rozvois

* Motivacia

— Socialna sie t' — relacie medzi uzivate I'mi
» Facebook - 750 milionov uzivatelov
* YouTube - 490 miliébnov pravidelnych uzivatelov
o Twitter - 550 miliénov uzivatelov
« Wikipedia - 91,000 kontributorov

— Obsah generovany uzivate Imi
* textové spravy, fotky, videa, reakcie (+1 / Likes)
» Facebook - 30 miliard zdielanych poloziek / mesiac
o Twitter - 190 milionov mikropostov / def
* Wikipedia - 17 milibnov hostovanych ¢lankov

— Interakcia uzivate Fov s obsahom
* YouTube - 92 miliard zobrazeni stranok / mesiac
» Twitter - 1.6 miliard dopytov za den
» Facebook — priemerny ¢as straveny na stranke za mesiac: 15H 33M

Znalosti 2013, Ostrava 14.10.2013
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Skalovate Fnost

Eurépska tnia
Eurépehy fond regiendineho rozvers

o Vyzvy:
— Casova naro énost algoritmov
— Pamatove ohrani €enie

e Pamatové ohranicenie
— Distribuované ramce pre vypo €ty nad grafmy

— Koncept ,, Pregel” od googlu

[Grzegorz Malewicz, Matthew H. Austern, Aart J.C Bik, James C. Dehnert, llan Horn, Naty
Leiser, and Grzegorz Czajkowski. 2010. Pregel: a system for large-scale graph processing. In
Proceedings of the 2010 ACM SIGMOD International Conference on Management of data
(SIGMOD '10). ACM, New York, NY, USA, 135-146. DOI=10.1145/1807167.1807184]

— Open source implementacie
* Giraph, Apache Hama GraphLab
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Google Kmmmlsaige

Eurépska tnia

Eurdpsly fond regioniineho rozvois

» Wikipedia
 Freebase

e Confirmed human
knowledge

® Bardering Constallations:

 Apparent
dimension

# Discoverer

 Prime medidian #Metearite Source
feature {Meteorite]

Znalosti 2013, Ostrava

Mona Lisa

Mona Lisa

14.10.2013

The Mona Lisa i3 & hatf-length podrait of & woman
by the Italian arfist Lecnardo da Vinci, which has
been acclaimed as "the best known, the moat
visited, the moat written about, the most sung
about, the most parodied work of ant in the world."

Started: 1503

Completed: 1505

Lecation: Louvre

Dimensions: 30.3" x 20.9° (77 cm x 53 cm)
Genre: Porirait

Media: Oil paint

(age 67 years)

%

Leonardo da Vinci

= Leonardo di ser Piero da Vinc was an italian
Renaissance potymath: painter, sculptor,
architect, musician, scientist, mathematician,
engineer, inventor, anatomist, geclogist,
cartographer, botanist

Read more on en.wikipedia.org

Bomn: Apeil 15, 1453, Anchiano
Died: May 2, 1519, Clos Lucé

Burled: St Florentin's Church
Inventions: Viola organista, Double hull

Parents: Catedna da Vinci, Piero da Vinei

. =
Lisa The Last Vingin of the  Lady with The Battle
Supper ks &n Ermine of Anghiar

1488 1490

People also search for

id ¢ P

Michela Raghael Vincenivan  Pablo Rambra...

Gogh Picasso - 104




Facebook @eyih Seancin

Eurépska tnia
Eurépehy fond regiendineho rozvers

[facebook13]

Q. Photos of my friends in New York
[ 9:.s gus B { 2 3
L s
»

« Uzivatelmi generovany obsah
* Prepojenia na web

T EVENT ! .
fbid: 213708728685
type: PAGE
name: Breville
mission: To design the best ...
LIKES
FRIEND
AeeED: .fbid: 586206840
type: USER
PHOTO name: Sriram Sankar
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W SemSets: Sen@Emic Seath

Eurépska tnia
Eurdpsh fond regiondneho rozvein

« Answering list type
guestions: astronauts who
walked on the Moon

» Wikipedia as text and

[SemSets]

networks/graph S CEREEE— 1. Eugene Ceman
« Text: IR methods, Lucene | . 2. Alan_Bean
based N : 3. David_Scott
: B, % 4. John_Young_(astronaut)
» Graph/network: sprading 5. Neil Armstrong
activation and SemSets T e ) 6. Pete_Conrad
L - 03 " 7. Harrison_Schmitt
J Wmnmg_ solution on 8  Alan Shepard
Semantic Search oo | - 9. Charles Duke
Challenge 2011 2 el | 10. Buzz_Aldrin
ol ] 11. James_Irwin
CHALLENGE : plan N 12. Edgar_Mitchell
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Objavovanie vz t'ahov vo ve Fkych grafovych datach

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Motivacia
» Grafy a siete su vSadepritomné : socialne site, web , LinkedData, transakcie,
komunikacia (email, telefény).
« Text tiez mOze by t' prevedeny na graf.
* Prepojenie grafovych dat a vyh ladavania relacii v nich je dolezite
e Pristup

» Tvorba sémantickych stromov a grafov z textu, webu, komunikacie, databaz a
LinkedData
» Uzivatel'ska interakcia s tymito datami aby sa dali lepSiei  ntegrova t’ zdroje a

vy Cisti t’ upravi t’ data
« Uzivatelia to budu robi t ak to bude ma t' zmysel, teda okamzity vplyv na lepSie
wclndky vyh lFadgvania

=P~ Email Social Network Search

Linked )
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Vlastnosti vybranych grafov/siesieti

Eurépska tnia
Eurdpsh fond regiondneho rozvois

le+07 1e+07 T T
leroe b DBPedia Tex06 £ Enron
100000 |- N 100000
-
10000 |- \ P{-x) ~ CX 10000 F
1000 |- 1000 F
100 b N 100 |
0} 10 F
G+
1 L L e . 1 ! P b L
1 10 100 1000 10000 100000 1e+06 1 10 100 1000 100001000001e+06
1e406 16406 !
|
100000 BBC 100000 Linkedin 4
Lon 10000 |- {
1000 1000 l-'\.’ ]
he= : !
100 ‘r o ‘\
h,;_ "
= s ot "‘% v
s . i P
= ™ s ™ o o
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10 100 1000 10000 10000
10000 r 000
DsK Gorila
1000 |
100 100
10 ¥ +
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100000
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10000 10000¢

Nazov Pocet Pocet hran Priem. Koef. Priem.
siete vrcholov klast. assort. najkr.
koef. cesta

Enron Full 8269278 20383709 0,29 -0,02 6,58
Enron5 160 387 630 330 0,30 -0,04 6,64
LinkedIn 1564698 6094634 0,36 0,13 6,48
BBC 1725900 6839358 0,34 -0,05 7,55
DSK 21518 98952 0,31 0,39 5,79
DSK3 2 857 8754 0,36 -0,14 5,46
Gorila 5959 23724 0,31 0,03 6,25
Events 25478 539 328 0,38 -0,25 2,47
ACM 941322 2198001 0,34 -0,06 7,30

Datasety:

. DBPedia

« Web

e BBC, Linkedln, DSK

e Gorila— document

 Events — agent simulation event graph

« ACM - publications, LinkedData

14.10.2013
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Ontea: Infommation Extraction Tool

Eurépska tnia
urépely fond regiondineho rozveln

E

“* Regex patterns
“» Gazetteers

** Resuls
* Key-value pairs
¢ Structured into trees
% graphs
*» Transformers, Configuration
*» Automatic loading of extractors

** Visual Annotation Tool
“* Integration with external tools

** GATE, Stemers, Hadoop ...
** Multilingual tests

® English, Slovak, Spanish, Italian

Znalosti 2013, Ostrava

http://ontea.sf.net

From: jmi
|| To: Fobert.badeer@enron.com
| Subject: BADGE

Your badge will be waiting for you at the
{|front desk in the horth tower on mon. if
‘| not, then call and we will retrieve you.

‘| Michael D. Grigsby, Executive Director,
:|UBS Warburg Energy, LLC,

| Work: 7138537031

| Mobile; 713-408-6256

‘lommiusEmail
H EmailContents

ike. grigsby@enron.com

Paragraph (- oo =-ENYELOPE-
g annotatiBhs’-
[} Email (mike grigsby@enron. com)
[} Email (robert.badeer@enron.com)
[} wikipedia (Receptionist)
B [ wikipedia (List of tenants in One Worl
¢ [ Paragraph (Michasl D. Grigsby, Executive Di
: ¢ [J Sentence (Michasl D. Grigsby, Executive
[} Person:Name (Michael D. Grigshy)
[} wikipediz (Executive director)
) company (UBS Warburg Energy, LLC)
[} TelephoneNumber (713-853-7031)
[ wikipedia (Mobile, Alabama)
[} TelephoneNumber (713-408-5258)

15:46:07
------ EMVELOFE-END-

Text with
annotations

SR D
—

Doc == "examplefemails/enron/enron.em/”

\Email == "robert.badeer@enron.com”
centenceEMall == "mike.grigsby@enron.com”
Paragraph

Paragraph

Network /Graph of
annotations

Sentenc@erson:GivenName == "Ina"

entence

Paragraph

ar == "713-853-7031"
[honelumber == "T13-408-6256"

ame => "Michael ). Grigsby"

"UBS Warburg Enengy, LLC"

‘example/emailsfenron/2,. eml”

Sentence

Sentence

14.10.2013

Person:GivenName == "Mike"

Person: GivenName == "Robert”
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*oy ok
Eurépska tnia
i

« Combination of Existing NER

— ANNIE (GATE), Apache OpenNLP,

— lllinois NER, lllinois Wikifier,
— LingPipe, Open Calais
— Stanford NER ,WikiMiner,
— Miscinator

e Machine Learning
— Decision Trees models

* Received second place at MSM 2013,
missing first place by 1%, where participated

17 teams world wide

Named Entity Recognition (NER)

PA

http://ikt.ui.sav.sk/index.php?n=Main.IEChallenge2013

1.00
0.80

0.60 “pP
0.40 + - ER
0.20 + _ — - F1
0.00 -

LOC MISC ORG PER

Znalosti 2013, Ostrava

1.00
0.80
0.60
0.40
0.20
0.00

WwWw

013

22nd Intemational World Wide Web Coanference

Windso~ Barrs batel -~ 3:b 1711, heesy

Micro Summary (test set)

A1

LOC MISC

14.10.2013

ORG

PER

Annie

Apache OpenNLP
lllinois NER
lllinois Wikifier

LingPipe

Open Calais
Stanford NER

= Wikiminer

------ Dummy model
=== Random Forest 21

i W3S picAr
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gSemSearch: Graph based Semantic Search

* gk

Eurépska dnla [gSemSearch]

E

http://ikt.ui.sav.sk/esns/

» Entity relation search in semantic
networkS/g raphs =J- Email Social Network Search

» Search, Navigation, Data Interaction P> G e

Address [ Phillip K Allen (Person:Name) !
* Aiming at data integration of cgene | B Emncems ) e
Email [[]  Keith Holst (Person:Name) 6163 Msg
Person:Name [] Janie Thott (Person:Name) 4728 Msg
- Structured data TelephoneNgmber |- giove south (Person:Name) 4728 Msgq
. . ] inarangel@enron, (Email) 2054 M
(Relational data, LinkedData) e e e s

Email Social Network Search

— Unstructured Data [ semm]

(text, documents, communication)

| % 713-408-6256 (TelephoneNumber) 1024 Msg o
| 4 713-853-7031 (TelephoneNumber) 1000 Msg ©
| 4 713-780-1022 (TelephoneNumber) 24 Msa

Person:Name

. .
|+
° A I ICatI O nS . el = 713 780-1022 (TelephoneNumber) 24 Msg
. TelephoneNumber=>713-408-6256

(=R =R = = R =)

msg
Neighbor Count'8

- Mike Grigsby(Person:Name) —————— ENVELOFPE:START-
— Email, Web, Text documents e, et
] ) y UBS Warburg Energy, LLC(Company)  To: robert.badeer@enron.com
Search Multi Subject: BADGE
Date: 2002-03-08 15:46:07

LinkedData —
“Your badge will be waiting for vou at the front desk in the north towe

Michael D. Grigsby, Executiv

=8
16407 le+07 — UBS Warburg Energy, LLe | =~ Email Soclal Network Search
e+ T T T T T linkedin —— Work: 713.853-7031
- Degree distribution f ] bbe ks
+ ] let0s L enrons —x— 4 Mobile: NN Cirgaby Bamzh
1e+06 E x n
++ ] \ X gorila —&— P a -
i ] \ dsk = ¥ Wi gty (Parseriame) 8476 g
100000 E t 1 100000 F \\\ o ook Graph info Reindex Reload Pmon tiame=24iks Gngatry ¥ Conabe bk (Purair ] M6 b
] 5 X - Prn Name=sTrigsby, Mk i :
E ? vignette tofal —e [ — e — don Mk Mk Gugaty  (Porece Hama) 8910 g
10000 F ! E 10000 + E erge || Duiatm || Cancel ¥ it O, g (Pursonhama) 5193 g
Ty Cuigsby. Proni By (Paree Narmg 8133 B
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MMl Navig4cia v zjednoduSenom LihkekEidata gyedée

Eurépska tnia
Eurépshy fond regionéineho rozvos

Graph based Semantic Search

—
|information retrieval Search
Paper + H.3.3 (addresses-generic-area-of-interest) 2804692
addresses-generic-area-of-interest 4+ The anatomy of a large-scale hypertextual Web search engine (Paper) 122898
+ Authoritative sources in a hyperinked environment (FPaper) 49011
Ricarda A. Baeza-Yates{Author) 4+ H35 (addresses-generic-area-of-interest) 15850
Christopher D. Manning(Authar)
Ricardo Baeza-Yates(Author) + G.1.3 (addresses-generic-area-of-interest) 8936
R. Baeza-Yates{Author) 4+ Local methods for estimating pagerank values (Paper) 6606
R. A. Basza Yates(Author) .
Christopher Manning(Author) + F.21 (addresses-generic-area-of-interest) 1710
@ AND O OR + C.21 (addresses-generic-area-of-interest) 516
Search Multi + H.31 (addresses-gener Christopher Ricardo
+ Ranking the web frontier (Paper) Manning Bacza-Yates
F
+ Focused crawling (Paper) -

Graph info Reindex Reload Graph Data Create Result Graph Annotate

« Konverzia ACM LinkedData na

cites-publication-reference

jednoduchy graf pre gSemSearch

— Experiment na h Padanie relacii a
navigaciu
— Pri konverzii na jednoduchsi graf

zanedbanie typov vz t'ahov: niekedy
prOblém WAMcle Reference  KoAicleRefarence

WWeh mining in... WoAuthoritative. .

KoAMicle Reference K.Persan
Wlearning rand... WChristopherD. .
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S8 SGDB: Simple Graph Database

Eurépska tnia
Eurépehy fond regiendineho rozvers

« Storage for graphs

« Optimized for graph traversing and spread of activation

» Faster then Neo4j for graph traversing operations

« Supports Blueprints API

. https://simpleqdb.svn.Sourceforqe.net/synroot/simpleqdb/Sqd-bOSl

1e+07

1206 b H D'tleg'reé ‘tzliis‘tril;L;tlion "+ ] \:.*: L I ;) ,
100000 % N ,/‘l‘\ './.
10000 F "m. e
100 : :
11 1|o 1;)0 ”000 1;;)001060001e-+06 g ; .a\l.' . '_.__.;,_.-r’/"}, T -—o':: . .
o Graph Database BenChmarkS .»\ SO‘u‘rce:I'http://geza.kzoo.edu/b?on.etfﬁt%l/scélpefr.ee.html
— Graph Traversal Benchmark for Graph Databases &
» \
— http://ups.savba.sk/~marek/gbench.html Blueprints)
— Blueprints API - possibility to test compliant Graph databases
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L IBM Watson

[Perronell]

Eurépska tnia
Eurépehy fond regiendineho rozvers

* %

IBM Research

Informed Decision Making: Search vs. Expert Q&A

Decision_ﬂl_lgkgf_"_"“

Has Question Search Engine

Distills to 2-3 Keywords Finds Documents containing Keywords
e DOQU'mernts, bibd= Delivers Documents based on Popularity

Finds & Analyzes Evidence e
e e — - = il Exert
| _Decision Maker Understands Question

] Asks NL Question l— Produces Possible Answers & Evidence

" Considers Answer & Evidence |(— Analyzes Evidence, Computes Confidence
Delivers Response, Evidence & Confidence

B 2011 1BM Gorpreia—
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IBM Watson

Eurépska tnia

P [Perronell]

1BM Research
Automatic Learning From “Reading” TI'Mh Nissina Link
e Missing Lin
on& ;
cente"®® Geﬂe‘a\‘l?}‘\;grega“°“ f
- 0 '\ /
parsin® S

Inventors patent inventions (.8) i
E:> Officials Submit Resignations (.7)

A
People earn degrees at schools (0.9) "-\ Q
[:> Fluid is a liquid (.6)
Liquid is a fluid (.5) S Q
i> Vessels Sink (0.7)

People sink 8-balls (0.5) (in pool/0.8)

\|e(’0 Db'\ec‘

5\16\30‘

e

. H
: ® On hearing of the discovery of body,
L]
©2011 18M Corporation
©2011 IBM Corporation
IBM Research
Broad Domain oM Research peepQA. The Te(?hqology Behind Watsgn
Massively Parallel Probabilistic Evidence-Based Architecture
| We do NOT attempt to anticipate all questions and build specialized datab I Generates and scores many hypotheses using a combination of 1000’s Natural Language
Pr ing, Infor ion Retrieval, Machine Learning and Reasoning Algorithms.
3.00% i i i i i
In a random sample of 20,000 questions we found These gather, evaluate, weigh and ;e:lil;cset Sd:,fferjrl;ti tf};;.;isﬁc,)]); evidence to deliver the answer with
e 2,500 distinct types*. The most frequent occurring <3% of the time. PR :

The distribution has a very long tail.

Leamned Models
2.00%

help combine and
weigh the Evidence

And for each these types 1000’s of different things may be asked.
1.50%

Answer
Sources

Even going for the head of the tail will

1.00% S i i Models
barely make a dent S F.Qv:i:nce I Model

Models
0.50%

0.00%

insect
way
founder
'senator

. Final Confidence
Hypothesis Hypothesls ar!d Synthesis Merging &
Generation Evidence Scoring g

Ranking

substance

- - Analysis
| *13% are non-distinct (e.g., it, this, these or NA)

Our Focus is on reusable NLP technology for analyzing volumes of as-is text.

Hypot thesis ence Answer &
Structured sources (DBs and KBs) are used to help interpret the text. £ : - Confidence

& ©2011 1BM Corporation
©2011 IBM Corporation

_—
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Data Sources

Eurépska tnia

Eurdpsky fond region

n

o Activity (edit)
= Game (edit)
= BoardGame (edit)
Sport (edit)
= Athlefics (edity
= Boxing (dit)

« Wikipedia |
6 million articles
40 GB text

BoxingStyle (zdit)
= HorseRiding (edit)
Agent (edit)
® Deity (edity
= Family (edit)
= Orpganisation (edit)
* DBand (edit)
= Broadcaster (edif)

»  RadioStation (edit)

BoxingCategory (edit)

= BroadcastNetwork (edit)

Ted Nugent

From Wikipedia, the free encyclopedia

"Nuge" redirects here. For the skateboarder, see Don Nouyen.

Theodore Anthony "Ted"” Nugent

(fted nu dzint!: born December 13, 1948) is an
American rock musician from Detroit, Michigan.
Mugent initially gained fame as the lead guitarist of
The Amboy Dukes before embarking on a solo
career. His hits, mostly coming in the 1970s. such

Ted Nugent

.
) D B P ed Ia = TelevisionStation (edit) as "Stranglehold”, "Cat Scratch Fever”, "Wango
o Tango", and "Great White Buffalo”, as well as his
1960s Amboy Dukes hit "Journey to the Center of
- the Mind", remain popular today. and are played
— I rl p | eS on classic rock and less frequently active rock
radio stations. He is also noted for his staunch
. L conservative political views and his strong .
G O O d Cate O rl eS advocacy of hunting and gun ownership rights, Nugent i-corcent i bdianspis; Jih 39,2013,
which somel™7 have described as = - 2
Gas ckground information
. controversial [1Z] -
f | Birth name Theodore Anthony Nugent
O r artl C eS Contents [hide] Also known The Nuge, Moter City Madman,
as Uncle Ted
1 Early life
T Born December 13, 1948 (age 64)
el = lareer Redford, Michigan, U 5.
° reepase ~ rreepase 2.1 Amboy Dukes
Genres Rock, hard rock

— 170 GB triples
— 40 million topics
— 1.2 billion triples

ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx
ns:m.012rkgx

ns:type.object.type ns:common.topic.

ns:type.object.name "High Fidelity"@en.

ns:type.object.type ns:music.single.

ns:type.object.key ns:authority.musicbrainz.name. TRACK3987054.
ns:type.object.type ns:music.recording.

key:authority.musicbrainz "258c45bd-4437-4580-8988-b3f3be975f9c".
key:authority.musicbrainz.name "TRACK3987054".

rdfs:label "High Fidelity"@en.

rdfs:type ns:common.topic.

rdfs:type ns:music.single.

rdfs:type ns:music.recording.
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22 Bolo career
2.3 Influences
2.4 Damn Yankees

Occupations Musician

Instruments Guitar, vocals, bass gutar

alias: smart phone, smartphone

A'smanphone, or smart phone, is a mobile phone built on 3 mobile operating system, with
more advanced computing capability and connectivity than a feature phone. The first
smartphones combined the functions of a personal digital assistant with a... [Wikipedia]
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Linked Data cloud

Eurépska tnia
Eurépehy fond regiendineho rozvers

* Triples (graph)
 DBPedia, Geo, people,
publications, medicine, ...

. T ) .
 EU public (government) data ‘ = Bz
o o e —y) Nt P ; o
i .- 5 —E2 1)
= == \ :
i ¥ i Yy
- S
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T ! e -
e = 1 e L -
% F i
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38 Query Categorization (QC)

Eurépska tnia
Eurépshy fond regionéineho rozvos

Y
|Tax: L2.1<—Tax: L1.1}=;

h’ax L2. 3J—hax L1.2
=Tax: L2
Tax: L2.5=—{Tax: L1.3«

« Usual approach for QC:

» Get results for query

« Categorize returned documents

» Best algorithms work with entire web o
(search API)

Web Images Maps Shopping Applications More Search tools

2006 FIFA World Cup - W\K\ged\a the free encyclopedia
en.w wped\a Urg iwiki/2006_FIFA_World_Cup ~
s FIFA World Cup. the qusdrenma\ intemnational

Query Categorles f?l\nlrimhi ”p‘ Hjmeh s held fiom 8 June to HJ\y

Computers \ Hardware

apple Living \ Food & Cooking

Sports \ Soccer

FIFA 06 - Download

FIFA 2006 Sports \ Schedules & Tickets B

%% %ok + Rating: 4 - 520 votes - Free - Windows - Game

. ad Aefl0rld Cup - NBA Live 2001. EA SPORTS FIFA 08 brings the TOTAL
E nte rtal n m e nt \ G am es & Toys xoenen:e o your fingertips. It delivers a combination of attacking ...

Dawnload - Clear filters - Related - See screenshots (7)

cheesecake Living \ Food & Cooking
reCI pes I nformatlon \ Arts & H uman Itl es ‘ g:!jE ZF?;i\—;&g\sngt‘l:g&t_-rgivlj‘r;rr\oggimal HALF LENGTH: 6

Minutes STADIUM: Camp Nou PARTICIPANTS ...

2006 FIFA World Cup - Download
2006-fifa-world-cup-germany.en.softonic.com/ ¥

. : Information \ Arts & Humanities
friendships poem Living \ Dating & Relationships St v oty G EA e o o g o i 0O R

2006 FIFA World Cup Germany™ - FIFA.com
www fifa. com/worldc up/archive/germany2008/index htm| ~
Jun 9, 2006 - A look back at the 2006 FIFA World Cup Germany™
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Eurépska tnia

Eurdpsly fond regioniine

i

Representing categories by Wiki pages u

* Each category represented by one or multiple wiki pages vsieswee .

"Gell Phione” rediects here. For the fiim, see Cell Phone (fim). For the Handphone fim,
see Handphone (film).
° . A mobile phone (also known as a cellular
X — phone, cell phone, and a hand phone) is a
" device that can make and receive telephone calls —%
over a radio link while moving around a wide =
geographic area. It does 5o by connecting to a
cellular netuwork provided by a mobile phone
|
J

— Mobile phone; Smartphone; Camera phone
) ] " network. By contrast. a cordless telephone is
used only within the short range of a single

private base station

In adaition to telephony, modern mobile phones

IAB1 Arts & Entertainment The arts Entertainment :ff;ff’;’j;zg”:g* P
IAB1-1 Books & Literature Book Literature Novel Shest e wiles cofnrCaiins (ofad

. . . Blustooth), business applications, gaming and
IAB1-2 Celebrity Fan/Gossip Celebrity shologaphy. Ml phones that ofer these and | e QuseenmOGR270, o i 15505 =
IAB1-3 Fine Art Fine art oo i CEPABINGS T8 RIS curetsoduton sahor.
IAB1-4 Humor Humour Fun
IAB1-5 Movies Film Filmmaking Film industry Film genre Movie theater Smartohone
IAB1-6 Music Music Pop music Classical music Rock music Music genre List of popular music genres memmﬁ T —
IAB1-7 Television Television program Television Serial (radio and television) e e
01-03 Performing art & Theatre Performing arts Theatre I @ e e

removed. (August 2013)

IAB2 Automotive Automotive industry  Automobile Car classification A smartphone, o smart phone, i  mabile phone il o 3 mosie opratng system, with
IAB2-1 Auto Parts List of auto parts e eyt o e o B it ot
IAB2-2 Auto Repair  Automotive Service Excellence e, sackn oo camars, v G5 st v oo v it dove. Hory
IAB2-3 Buying/Selling Cars Used car Car dealerships in North America P el e i
IAB2-4 Car Culture Effects of the automobile on societies Vi ang bl croadoand 1 acent e, et et of il 90 o
IAB2-5 Certified Pre-Owned Certified Pre-Owned The motile operating systems (OS) used by modsrm smartphonss includs Google's Android
IAB2-6 Convertible  Convertible NP e i s i ot
IAB2-7 Coupe Coupé Compact car T T e
IAB2-8 Crossover Crossover (automobile) fowtherupcoming porating systoms e el i 05, Canonica i's Ut
IAB2-9 Diesel Turbo-diesel
IAB2-10 Electric Vehicle Electric car
IAB2-11 Hatchback  Hatchback
IAB2-12 Hybrid Hybrid vehicle Camefa‘rpvf\one
IAB2-13 Luxury Luxury vehicle e e
IAB2-14 MiniVan Minivan ’
IAB2-15 Mororcycles Motorcycle List of motorcycle manufacturers . e——
IAB2-16 Off-Road Vehicles Off-road vehicle e e
IAB2-17 Performance Vehicles Performance car M
IAB2-18 Pickup Pickup truck o fvipkan
IAB2-19 Road-Side Assistance Roadside assistance AAA (American Automobile Association) iy
IAB2-20 Sedan Sedan (automobile) g
IAB2-21 Trucks & Accessories Truck Truck accessory
IAB2-22 Vintage Cars Vintage car History of the automobile
IAB2-23 Wagon Station wagon
02-03 Campers & RVs Truck camper Recreational vehicle he 215t ertury the majorty of mobie phanes
02-06 Concept Cars  Concept car
02-08 SUV Sport utility vehicle =
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Kewords / N¢geanss Gamenatimn Ffoom  Wikipedia

Eurépska tnia
Eurépehy fond regiendineho rozvers

* % %

* Seed concpets — manually assigned for each category
« Exploit Wiki link graph
 For all neigboring Wiki Concepts (to seed concepts)
— Filter out concepts of type: Person, Location, Org, Work

— Compute cosine similarity of adjedcemcy lists

— Extend concept names by alternative names (redirec  t pages from
Wiki)

Smartphone

From Wikipedia, the free encyclopedia

This article needs additional citations for verification.
Please help improve this article by adding citations to reliable
sources. Unsourced material may be challenged and

removed. fAugust 2013)

A smartphone. or smart phone, is a mobile phone built on g mobile operating system) with
maore advanced computing capability and connectivity than a featlre pnnnT ["-[‘-_L- TRETirst
smartphones combined the functions of a personal digital assistant (PDA) hlaiale operating system
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s | iteratUra

* gk

Eurépska tnia
Eurépehy fond regiendineho rozvers

o [Ulanoff] Lance Ulanoff: Google Knowledge Graph Could Change Search
Forever http://mashable.com/2012/02/13/google-knowledge-graph-change-search/, 2012
» [facebook13] Sean Gallagher, Knowing the score: How Facebook’s Graph Search

knows what you want, http://arstechnica.com/information-technology/2013/03/knowing-
the-score-how-facebooks-graph-search-knows-what-you-want/, 2013

e [Perronell] Michael Perrone: What is Watson — An Overview , 2011,
http://static.usenix.org/event/lisall/tech/slides/perrone.pdf
* [WatsonJr] Tony Pearson: IBM Watson - How to build your own "Watson Jr." in

your basement , 2012,
https://www.ibm.com/developerworks/mydeveloperworks/blogs/InsideSystemStoraqge/entry/
iIbm watson how to build your own watson jr in your basement7?lang=en

e [OpenNLP] OpenNLP: http://www.slideshare.net/gaganl1667/opennip-demo

o [TamingText] Ingersoll, G., Morton, T., & Farris, L. (2012). Taming Text: How to find,
organize and manipulate it.

« [Zaragoza] Hugo Zaragoza. Machine Learning and Information Retrieval , ESSIR
2009 Lecture
* [Nigam] Kamal Nigam: Generative Models for Text Classification

and Information Extraction , http://www.cs.cmu.edu/~knigam/15-505/ie-lecture.ppt
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* [SemSets] CIGLAN, Marek - NoRVaG, Kjetil - HLUCHY, Ladislav.
The SenSets model for ad-hoc semantic list search . In WWW"12 Proceedings of the 21st
International Conference on World Wide Web. - New York : ACM, 2012, p. 131-140. ISBN 978-1-4503-
1229-5. SCOPUS, http://wvww2012.wwwconference.org/proceedings/proceedings/p131.pdf

* [gSemSearch] LACLAVIK, Michal - DLUGOLINSKY, Stefan - SELENG, Martin - CIGLAN, Marek -
HLUCHY, Ladislav. Emails as graph: relation discovery in email archiv e. In WWW"12 Companion
Proceedings of the 21st International Conference companion on World Wide Web. - New York : ACM,
2012, 841-846. ISBN 978-1-4503-1230-1.
http://www2012.wwwconference.org/proceedings/companion/p841.pdf . SCOPUS

* [gBench] CIGLAN, Marek - AVERBUCH, Alex - HLUCHY, Ladislav. Benchmarking traversal
operations over graph databases .In 2012 IEEE 28th International Conference on Data Engineering
Workshops : proceedings. - Los Alamitos : IEEE Computer Society, 2012, p. 186-189. ISBN 978-1-4673-
1640-8. SCOPUS

e [ontea_email] LACLAVIK, Michal - DLUGOLINSKY, Stefan - SELENG, Martin - KVASSAY, Marcel
- GATIAL, Emil - BALOGH, Zoltan - HLUCHY, Ladislav. Email analysis and information extraction
for enterprise benefit. In Computing and informatic s, 2011, vol. 30, no. 1, p. 57-87. (0.356 - IF2010).
ISSN 0232-0274.

 [uiWeb] Dlugolinsky, Stefan - Seleng, Martin - Laclavik, Michal - Hluchy, Ladislav. Distributed Web-
scale Infrastructure for Crawling, Indexing and Sea  rch with Semantic Support . In Computer
Science Journal, 13 (4)
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